ABSTRACT As a mean to provide reactive power compensation to radial distribution networks, capacitor banks are commonly installed within these electrical distribution systems. When properly allocated, capacitor banks provide several benefits, including an improvement on the feeder's voltage profile and significant reductions on power loss, which, in turn, leads to important amounts of energy savings and cost reductions. This formulation is known in the literature as optimal capacitor placement (OCP) problem. From an optimization perspective, OCP is considered remarkably complex due to its high multi-modality, discontinuity, and non-linearity. In this paper, the swarm optimization algorithm known as locust search (LS) is proposed for solving the OCP problem. The proposed approach has been tested by considering several IEEE's radial distribution test systems, and its performance has also been compared against that of other techniques currently reported on the literature to solve the OCP problem. Our experimental results suggest that the proposed LS-based method is able to competitively solve the OCP problem in terms of accuracy and robustness.
I. INTRODUCTION
The voltage instability phenomenon in RDNs is one of the most-studied problems related to power generation systems. This phenomenon is characterized by a progressive decline on power, caused by the inability of distribution feeders to meet the ever increasing power demands of domestic, commercial and industrial loads [1] . These voltage instabilities are commonly triggered by sudden changes in the systems operating conditions, which increase the demand for reactive power [2] . As a mean to provide reactive power compensation to RDNs, capacitor banks (or shunt capacitors) are commonly installed within these distribution systems [2] , [3] . The amount of reactive power compensation provided as a result of the installation of shunt capacitors is related their placement within the electrical distribution network, which makes determining the number, locations, sizes and types of the capacitors that are to be installed crucial in order to ensure maximum benefits. When properly allocated, capacitor banks provide several advantages, including a general improvement on the feeder's voltage profile and significant reductions on power loss, which in turn leads to important amounts of energy savings and cost reductions [4] . The OCP problem is a well-studied combinatorial optimization problem whose complexity is related to the structure and size of distribution systems. Assuming a distribution network comprised by n buses, and a collection of q available capacitor sizes, there exists a set of (q + 1) n possible solutions (combinations) that could be physically implemented to solve the OCP problem. Computationally, the evaluation this set of solutions (even for a medium-sized distribution system) is too large to be evaluated in a reasonable time. Therefore, this problem is commonly solved by using optimization techniques [4] , [5] .
Previous works aimed to solve the OCP problem are known for their extensive use of analytical methods to model the location and size of capacitor banks. However, these methods are also known due to their frequent use of unrealistic assumptions about the distribution systems operating conditions [6] - [10] . Furthermore, given that these techniques usually model the location and size of capacitors as continuous variables, it is common that the calculated locations and sizes do not match with those of the physical node locations and/or the available standard capacitor sizes, respectively [3] .
The complications related to analytical methods have motivated the use of t numerical programming techniques for OCP. Some of the most successful numerical programming approaches applied to solve this problem include methods based on mixed-integer programming [11] , dynamic programming [12] , and local variations [13] , just to name a few. Even though these techniques have demonstrated to be competent for solving the OCP problem, they maintain some inconvenient such as the risk of getting trapped into local optima and a notoriously higher computation time in comparison to analytical methods [14] , [15] . From an optimization perspective, the OCP problem is considered complex due to its high multi-modality, non-linearity, and discontinuity [4] . These characteristics make problematic to solve it by using standard optimization techniques [5] .
In the last few years, problem solving schemes based on metaheuristics approaches, have arisen as interesting alternatives for solving the OCP problem. Different to traditional techniques, which require several implementation conditions (such as continuity, convexity and differentiability), metaheuristic optimization methods are known for their flexibility to generically solve different problems independently of their characteristics. Under such circumstances, several metaheuristics approaches have been proposed to deal with the OCP formulation. Some examples include Genetic Algorithms (GA) [2] , Particle Swarm Optimization (PSO) [16] , Bacterial Foraging Optimization Algorithm (BFOA) [17] , Gravitational Search Algorithm (GSA) [1] , Crow Search Algorithm [3] , [18] among others. In spite of their acceptable results, these search strategies exhibit considerable difficulties when they confront high multi-modal optimization problems. In particular, many of these techniques present complications for balancing the diversification and intensification of the produced solutions. As a consequence, solutions tend to either diverge uncontrollably (thus preventing them from further refining potentially good solutions) or to rapidly converge toward local optima [14] , [15] , [19] .
Each metaheuristic approach possesses unique characteristics to appropriately fulfill the requirements of particular problems. Therefore, no single metaheuristic algorithm can solve all problems competitively. In order to know the best metaheuristic method to solve the OCP problem, a correct evaluation of its advantages and limitations must be conducted. Under such circumstances, the Locust Search (LS) approach is a recent optimization technique which emulates the characteristic foraging behavior manifested by the individuals of locust swarms [20] . Different to other natureinspired metaheuristics schemes, the LS algorithm explicitly avoids the concentration of individuals around the best during the search process. This important characteristic allows to amend the for several common flaws found in other similar techniques when they face multi-modal optimization problems such as the lack of balance between exploration and exploitation, premature convergence and divergence.
Motivated by these interesting properties, in this paper, the LS method is proposed to solve the high multi-modal OCP problem in distribution networks. The proposed approach has been tested by considering three specific radial distribution test systems, specifically the IEEE's 10-bus, 33-bus and 69-bus RDN models [3] , [21] , [22] . Furthermore, in order to prove the feasibility of the proposed LS-based OCP method, our experimental results have also been compared against those produced by other techniques currently reported on the literature. Experimental results suggest that the proposed LS-based method is able to competitively solve the OCP problem in terms of accuracy and robustness.
The remainder of this paper is organized as follows: in Section II we discuss the particularities related to the OCP problem; in Section III specific details about the LS swarm optimization algorithm are highlighted; in Section IV, we illustrate our proposed LS-based OCP methodology; in Section V we show our experimental setup and results. Finally, in Section VI, conclusions are drawn.
II. MATHEMATICAL MODELLING FOR THE OPTIMAL CAPACITOR PLACEMENT PROBLEM
OCP represents a combinatorial optimization problem in which is determined the number, location, type and size of shunt capacitors contained in RDNs. In order to solve this problem, many different objective functions have been proposed. In general, the main objective is to minimize the network's total operation costs by providing reactive compensation to already installed distributions feeders. The idea is to reduce the total network losses while is also maintained the buses voltages within certain permissible limits. In this paper, two objective functions are considered: the first is a classical function introduced in [23] , which is given as follows:
where C denotes the total cost ($) for a radial distribution network comprised by n buses. Furthermore, K p represents the equivalent cost per unit of power loss ($/kW), while P Loss stands for the total power loss (kW) of the distribution system. Finally, Q c j denotes the size of the shunt capacitor (kVAR) installed at bus 'j', while k c j indicates its corresponding cost per unit of reactive power ($/kVAR). It is worth mentioning that in the cost function presented in equation 1 the operating, installation and maintenance costs are neglected.
The second objective function considered in our study was recently proposed in [24] and, unlike the model presented by equation 1, it also considers installation costs for the calculation of the networks total cost. This objective function is given as follows:
where K p is the cost for unit of power loss per hour ($/kW), t is the time period in hours, K ic is the installation cost ($), N q is the number of compensation capacitors to install, VOLUME 6, 2018 K c correspond to the cost per unit of reactive power ($/kVAR). For this model, it is also assumed that the maximum reactive power compensation that can be provided to a given electrical distribution system is restricted to be at the most equal to the total reactive power provided by the uncompensated distribution network [24] , this is:
where n c denote the number of compensated buses, while Q c i stand for the reactive power value at a given bus 'i' [25] .
A. POWER LOSS CALCULATION
In order to calculate the total power loss P Loss (as described in equation 1), we apply the simplified calculation method developed in [23] . In this approach, a set of simplified line flow equations are proposed as an alternative for calculating the exact line flow, which is known to require a significant amount of iterations. Assuming a single line diagram of threephase balanced distribution system (see Figure 1 ), the set of equations is determined as follows:
where P i denotes the real line power which flows out from bus 'i', while P Li indicates the real load power at bus 'i', and where R i,i+1 stands for the line resistance between buses 'i' and 'i + 1'. Similarly, Q i represents the reactive line power flowing from bus 'i', while Q Li stands for its respective reactive load power, and where X i,i+1 is the line reactance between buses 'i' and 'i + 1'. Furthermore, |V i | indicates the voltage magnitude at bus 'i'. By considering the above formulations, the power loss corresponding to the line connecting buses 'i' and 'i + 1' is calculated as follows:
Finally, the total power loss for the n buses radial distribution network is obtained by adding up the power losses of each line; this is:
Loss .
B. VOLTAGE CONSTRAINTS
For safety reasons, the magnitude of voltage at each bus should be kept within certain permissible limits [4] , [7] , [12] . This implies that the cost function proposed to solve the OCP problem must also be subjected to these voltage constraints. Therefore, the voltage constraints for each of the buses in the RDN are given as follows:
where V min and V max represents the minimum and maximum bus voltage limits, respectively. It is worth noting that the voltage magnitude |V i | can be calculated by applying an appropriate iterative approach [3] , [23] .
III. THE LOCUST SEARCH ALGORITHM
The Locust Search algorithm is a swarm optimization technique inspired by the interesting foraging behaviors commonly observed in swarms of locusts [20] . In LS, the solution space is metaphorically represented as a plantation, in which individuals within a swarm of locusts are subjected to constant interactions. In LS, each individual is assigned to a food quality index which is related to the solution that it represents [20] . Another distinctive characteristic about the LS method is the fact that the movement of individuals within the swarm is guided by a set of operators inspired by two distinctive foraging biological behavior phases commonly observed in swarms of locust, namely: 1. Solitary phase, and 2. Social phase.
A. LS SOLITARY PHASE
Under the solitary phase, each individual within the swarm of locusts is assumed to be displaced as a result of a certain social force exerted over them. The magnitude and orientation of the social force is related to positional relationships between each individual and all other members within the swarm. Also, it is established that the net effect caused by this social force could be manifested as either an attraction toward distant individuals, or a repulsion between nearer individuals [20] , [26] . In the LS approach, the conceptualization of social forces was taken as inspiration to develop a movement operator specifically devised to explicitly avoid the concentration of individual toward the best solutions found so far by the search process, which in turn allows a more diverse exploration of the available solution space [20] , [26] . In order to illustrate the LS's social phase movement operator, let
. . , l k N denote a population (set of solutions) comprised by N locust positions (where k = 1, 2, . . . , itern denotes the current iteration of the LS search process and where itern denotes the maximum number of iterations). At each iteration k, the solitary movement operator produces a new candidate solution p k i by perturbing the current locust position l k i as follows:
where l k i represents a position change vector which components equals those of the total social force S k i experimented by the i-th locust individual (hence, l
. This social force is roughly represented as:
where s k ij represents the individual social force exerted toward some individual 'i' by some other individual 'j' (see Figure 2) as given as follows:
where r ij = l k i − l k j stands for the Euclidian distance between the pair of locusts 'i' and 'j', while 
where F and L denote, an attraction magnitude and an attractive length scale, respectively [20] . On the other hand, ρ l k i , l k j stand for what is referred as the dominance value among individuals 'i' and 'j'. In the LS approach, each solution within
is assigned with a rank from 0 (zero) to N −1 depending on their current fitness value; under this approach, it is said that best individual within the swarm receives a rank of 0, while the worst individual is ranked as 'N − 1'. Therefore, the value of ρ l k i , l k j is computed by considering the current rank of the considered pair individuals 'i' and 'j', as illustrated as follows:
where rank l k i and rank l k j stand for the ranks of individuals 'i' and 'j', respectively.
Finally, once a corresponding candidate solution p k i has been generated for any given individual 'i' within the swarm, this solution is then compared against its originating positions l k i in terms of solution quality, and then the following position update rule is applied in order to assign the positions of each individual 'i' for the following iteration:
where f p k i and f l k i denotes the fitness evaluation function corresponding to p k i and l k i , respectively. It is important to note that the previous is illustrated by considering a maximization optimization problem.
B. LS SOCIAL PHASE
Different to the solitary phase, the social phase operator represents a selective operation to refine a specific subset of individuals B = b 1 ,b 2 , . . . , b q within the swarm's population in order to improve their solution quality [20] , [26] . Said subset B is formed by the q best individuals within the set of solutions
, which is represented by the positions adopted by each locust in the swarm after applying the solitary phase movement operator (see section III.A).
To apply the social phase operator, a corresponding subspace C j around each individual within the subset B ∈L k+1 is created. The limits of each of subspace is defined by a certain parameter r, which is given as follows: ∈ B), the limits for each subspace C j are given as:
where C low j,d and C 
where the l k+1 j belongs to the subset of best solutions B (l k+1 j ∈ B) [20] , [26] .
IV. LS-BASED OPTIMAL CAPACITOR PLACEMENT
In this paper, the LS algorithm (as described in Section III) is proposed for solving the OCP problem. As illustrated in Section II, the OCP problem can be modeled as a combinatorial optimization problem in which the objective is to minimize the total operation cost on RDNs by placing shunt capacitors of specific sizes on the distribution feeders of the electrical system. While the LS algorithm was initially proposed to solve continuous global optimization problem, we have modified it so that it can properly handle the OCP problem. The modification applied to the LS algorithm consists on rounding the realcoded elements provided by each candidate solution to their nearest integer value (see Figure 4) . While this modification is conceptually simple, its practicity contributes to properly handle the OCP problem while also avoiding extensive modifications to the original search method [27] . With that being said, our modified LS algorithm initializes by generating a population of N solutions, each represented by a corresponding candidate solution of the form Q= [q 1 , q 2 , . . . q n ]. From an OCP perspective, each component q j from Q represents the index number of a specific commercial shunt capacitor that is to be placed on the j-th bus of a given n-buses RDN. In this sense, it is considered that each indexed capacitor has a reactance value Q j = Q(q j ) that match with that of a commercial shunt capacitor (see Table 1 ) [28] . Also, it worth nothing that in our proposed approach, all buses of a given RDN are considered as potential candidates for the allocation of shunt capacitors. Finally, and as a special consideration, if a capacitor index value of '0' (cero) is assigned to any component q j of Q, then it is assumed that no capacitor is placed at all on the specified bus 'j' of the given RDN. By considering the previous, the OCP problem handled by our proposed LS-based approach may be more formally represented as follows:
In the case of the objective function presented by equation 1, the cost minimization problem may be expressed as:
Subject to : Q j ∈ {0, 150, 360, . . . , 3900, 4050} , (19) while for the case of the cost function presented in equation 2 this will be:
Subject to : Q j ∈ {0, 150, 360, . . . , 3900, 4050} ,
where k(Q j ) indicates its corresponding cost (see Table 1 ), and where:
where
Loss stand for the power loss corresponding to the line connecting buses 'i' and 'i + 1', as given by equation 5. 
V. EXPERIMENTAL RESULTS
In the previous section, an OCP method based on the swarm optimization algorithm known as LS has been proposed. In order to prove the effectiveness of the proposed LS-based OCP scheme, it has been tested by considering three particular RDNs models commonly reported on the literature as reference, namely the IEEE's 10-Bus, 33-Bus and 69-Bus RDNs [3] , [21] , [29] . Also, the results produced by our proposed OCP method for each of the considered RDN models are further compared against those produced by other techniques currently reported on the literature. All test RDNs has been tested with regard to the two objective functions presented in section II (the specific parameters applied for each function are shown in Table 2 ). For each case of study, the LS algorithm has been executed a total of 30 times, each by considering K = 1000 iterations and a population size of N = 20 individual (locusts). All experiments were performed on MatLAB R R2017a, running on a computer with Pentium Dual-Core 2.5GHz processor, and 8-GB of RAM.
A. STATISTICAL RESULTS OF TEST CASES
In order to validate the robustness of the proposed method, the statistical results corresponding to 30 individual runs are presented in Table 3 . In this table, the minimum (min), maximum (max), average (avg) and standard deviation (std) of the best results obtained in the minimization of the objective functions presented in equations 19 (case 1) and 20 (case 2) are shown.
B. COMPARATIVE RESULTS FOR THE IEEE'S 10-BUS RADIAL DISTRIBUTION SYSTEM
Our first set of experiments involves the IEEE's 10-Bus distribution system [3] , which is comprised by ten buses and nine lines (see Figure 5) . The first bus in the system is represented VOLUME 6, 2018 For the 10-Bus distribution system under uncompensated conditions (this is, without installing any shunt capacitor on said system), it is considered that the annual power loss that results of its regular operation is of about 783.77 kW, which leads to a total annual cost of $131,674.00 and $411,949.51 according to both, case 1 and 2, respectively. Also, for said base case, the minimum and maximum voltages present on the buses are found to be of 0.8404 and 0.9930 p.u., respectively. More detailed data about the considered 10-Bus distribution system may be found in the Appendix section.
In Table 4 and Table 5 , the comparative results corresponding to our proposed approach and several other techniques (such as those based on Plant Growth Simulation Algorithm (PGSA) [30] , Flower Pollination Algorithm (FPA) [31] , Fuzzy Logic [32] , Modified Cultural Algorithm [33] , and Crow Search Algorithm (CSA) [3] ) applied for OCP on the 10-Bus distribution system, are shown. From the results reported in Table 4 (which are given considering the minimization problem illustrated by equation 19 as the cost function) it could be appreciated our proposed approach has chosen buses 3, 4, 5, 6, 7, 9 and 10 as optimal buses to allocate shunt capacitors, in this case of the sizes 4050, 2250, 1950, 900, 450, 150 and 450 kVAR, respectively. Said capacitor allocation allows to reduce the total power loss to 675.2604 kW, which represents net savings of about a 12.29% in comparison to the uncompensated case. Also, the voltage profile on the buses also shown a significant improvement, achieving a minimum and maximum of 0.9024 and 1.007 p.u., respectively. When compared to the other considered OCP technique of our study, the solution provided by our proposed LS-Based approach leads to both, the most reduction on power loss and a better improvement on the buses' voltage profiles, and thus, shows the competitiveness our proposed approach. On the other hand, the results reported on Table 5 (which correspond those related to the minimization problem illustrated by equation 20) our proposed approach has selected the buses numbered 5, 6, 8, 10 as candidate buses, with their respective capacitor sizes being of 1500, 900, 350, 350 kVAR, respectively. The power loss after capacitor compensation is reduced to 680.42 kW, which combined with installation and operating costs generates net saving for a 9.95% percent in comparison to the uncompensated case. Although the total power loss generated by applying the solution provided by our LS-Based OCP approach is slightly greater in comparison to the other compared techniques, it should be noted that our approach still gets the greatest amount of annual net savings compared to the other methods. Finally, the improvement on voltage profiles that our proposed approach achieves should also be noted, with it having reached a minimum and maximum of 0.9004 and 1.00 p.u., respectively.
Finally, in Figure 6 , we show the voltage profiles for the uncompensated base case and the compensated condition achieved by applying the solution obtained by our proposed LS-Based OCP scheme. As evidenced by said figure, our proposed approach allows a significant improvement on the buses' voltage profiles in comparison to the uncompensated case.
C. COMPARATIVE RESULTS FOR THE IEEE'S 33-BUS RADIAL DISTRIBUTION SYSTEM
For our second set of experiments the IEEE's 33-Bus distribution system has been considered [11] , [21] . This electrical system is comprised by the 33 buses and 32 lines, with the first of said buses being considered as the substation bus (see Figure 7) . The voltage supplied by said substation is set as 12.66 kV, while the total active and reactive power provide by the remaining 32 (load) buses is of 3,715.00 kW and 2,300.00 kVAR, respectively.
Under uncompensated conditions, the system has a total power loss of about 210.78 kW, which leads to total annual costs of $35,442.96 and $110,885.83 with regard to cases 1 and 2, respectively. Also, the minimum and maximum voltages on the buses are found to be of 0.9037 and 0.9970 p.u., respectively. Further details about the analyzed 33-Bus distribution system may be found in the Appendix section.
In Table 6 and Table 7 , the comparative results corresponding to our proposed method and some other techniques reported on the literature for OCP applied to the IEEE's 33-Bus distribution system are shown. For said comparison, approaches such as those based on Interior Point (IP) [1] , Simulated Annealing (SA) [1] , the Two Stage Method [34] , Analytical Algorithm and Fuzzy-Real Coded Genetic Algorithm (AA-FRCGA) [2] and the Practical Approach proposed in [35] have been considered. In Table 6 , the results corresponding to the minimization problem presented in equation 19 are exposed. As shown by this table, the buses 5, 8, 11, 16, 24, 26, 30 and 32 has been chosen by our proposed LS-Based OCP approach as optimal buses to place the shunt capacitors, in this case of the sizes 150, 150, 150, 150, 450, 150, 750 and 150 kVAR, respectively. The reactive power compensation provided by such a configuration on capacitor placement allows to reduce the total power loss to 136.1028 kW, which yields to net savings of about a 33.31% in comparison to the uncompensated case. Furthermore, a slight improvement on the buses' voltage profile is also achieved, yielding to a minimum and maximum of 0.9325 p.u. and 0.9977, respectively. Also, a closer examination of Table 3 also shows that our proposed LS-Based OCP approach leads to the most reduction on power loss when compared to the other methods considered in our study, and as such, further demonstrate the competitiveness of our proposed method. As for the results reported in Table 7 (which correspond to the minimization problem illustrated in equation 20) , it is shown that our proposed approach has chosen buses 12, 25 and 30 as candidate buses for placing shunt capacitors of sizes 450, 350 and 900 kVAR, respectively, leading to annual net savings of about a 26.70% when compared to the uncompensated case. In addition, it could be appreciated that the voltage profile has also improved, VOLUME 6, 2018 achieving a minimum and maximum of 0.9291 and 1.00 p.u., respectively. Finally, in Figure 8 the voltage profiles for the uncompensated base case and the compensated condition achieved by applying the solution obtained by our proposed LS-Based OCP method are shown. Similarly, to the case studied the previous section, there is an evident improvement on the buses' voltage profiles when compared to the uncompensated case.
D. COMPARATIVE RESULTS FOR THE IEEE'S 69-BUS RADIAL DISTRIBUTION SYSTEM
For our last set of experiments, we choose the IEEE's 69-Bus distribution system [11] , [21] (see Figure 9) . In this case, the voltage supplied by the substation bus (bus one) is of 12.66 kV, while the total active and reactive power loads are found to be of 3801.89 kW and 2693.60 kVAR, respectively. Under uncompensated conditions, the distribution system has a total power loss of about 225 kW, which leads to a total annual cost of $37,800.00 and $118,260.00 with regard to cases 1 and 2, respectively. Also, the minimum and maximum voltages for the system's buses are found to be of 0.9091 and 0.9999 p.u., respectively. Finally, similarly the previous two cases, the costs related to installation and maintenance are not considered. Further details about the 69-Bus distribution system are given on the Appendix section.
In Table 8 and Table 9 , the comparative results corresponding to the LS-Based OCP method and several other techniques reported on the literature to solve the 69-Bus distribution system OCP, such as those based on Flower Pollination Algorithm (FPA) [36] , Direct Search Algorithm (DSA) [37] , Teaching Learning Based Optimization (TLBO) [38] , Crow Search Algorithm (CSA) [3] and Gravitational Search Algorithm (GSA) [1] , are presented. In Table 8 By considering said capacitor placement configuration, the total power loss is reduced from 225 kW to 144.2552 kW, which represents net savings of about a 34.34% over the total annual cost under uncompensated conditions. Furthermore, the minimum and maximum voltage on the buses also suffers a slight improvement, with those reaching values of 0.9315 and 1.0000 p.u., respectively. As with the experiment reported on the previous two sections, Table 8 also shows that the proposed LS-Based OCP scheme provides the best OCP configuration in comparison to the other compared techniques, as it allows to most reduction on power losses. This once again proves the competitiveness of the proposed LS-Based approach when applied to the complex OCP task. Furthermore, in Table 9 , the cost minimization results that arise from considering the minimization problem illustrated by equation 20 are presented.
In this case, our proposed LS-Based OCP approach consider buses number 17 and 16 as candidate locations for applying reactive compensation, with the capacitors to be placed being of the values 350 and 1200 kVAR, respectively. With this capacitor configuration annual net savings of about a 29.21% in comparison to the uncompensated case are achieved. Furthermore, it should also be appreciated that the voltage profile also presents a significant improvement over that of the base case, with it reaching minimum and maximum values of 0.9300 and 1.00 p.u., respectively. Finally, Figure 10 shows the voltage profiles for both the uncompensated case and the compensated condition achieved by applying the OCP configuration proposed by our LS-Based method. As with the two distribution network cases studied in the previous sections, significant improvements on the buses' voltage profiles can be appreciated when compared to the uncompensated case.
VI. CONCLUSIONS
In this paper, the swarm optimization algorithm known as LS has been proposed to solve the high multi-modal OCP problem on RDNs. Different to other swarm schemes, the LS algorithm explicitly avoids the concentration of individuals around the best solutions during the search process. This important characteristic allows to solve complex high multi-modal formulations with discontinuities and nonlinearities.
The proposed scheme has been able to find highly competitive solutions, yielding both, a notorious reduction in power loss and an improvement of voltage profiles on RDNs. In order to demonstrate the performance of the proposed LS-Based OCP scheme, it has been tested by considering several RDN models commonly reported on the literature as reference, specifically the IEEE's 10-Bus, 33-Bus and 69-Bus distribution systems. For each of the analyzed distribution systems, our proposed OCP method has been also compared against other OCP techniques currently reported on the literature. The results demonstrate the high performance of the proposed method in terms of accuracy and robustness.
APPENDIX
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